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ABSTRACT

In this paperwe suggesta novel methodto approximatethefitnessfunction of a geneticpro-
grammingapproachin order to develop fast and stablegait patternsfor a quadrupedrobot.
Therefore,gaitpatternsareclassifiedby socalledSignalSpaceDetectors.Weshow how aSig-
nal SpaceDetectorcanextract informationaboutthereliability of a classification.Finally, we
demonstratehow this informationcanbeusedto replaceconventionaltime-consumingfitness
moduleslike real-world tournamentsor offline simulations.

1 MOTIVATION

Geneticprogramming[1] is expectedtobeacapablesolutionfor designingfastandrobustwalk-
ing patternsfor leggedrobots[2–5]. In fact,usingthis approachwe have evolvedvery fastand
stablepatternsin thepast[6]. Thegeneticprogrammingapproachis easyto implementsincethe
fitnessfunctionhereis givenimplicitly by thespeedof therobotsusinga specificgait pattern.
Thebestperformingindividualcanbefoundeasilyby executingfootraces.Unfortunately, such
tournamentssuffer from heavy wearoutduringthedifferentstagesof evolutioncausedby many
evaluations.Therefore,differenttechniquesareusedto reducethenumberof tournaments.An
efficient methodis to usephysicalsimulationasa fitnessmodule.In the past,we have made
promisingexperiencesusinga physicalsimulationof a bipedrobot [7]. Nevertheless,the im-
plementationof suchsimulationscanbe very complex andexpensive. Furthermore,in some
cases,the characteristicsof motors,joints or gearsmight be unknown. Therefore,a physical
simulationis not implementablein general.Instead,we suggestthe useof a meta-modelthat
canbegeneratedautomaticallyby anartificial neuralnetwork.

2 ARTIFICIAL NEURAL NETWORKS AS FITNESS MODULE

We usedERS2100quadrupedrobotsfor our studies.That robotsaremanufacturedby SONY
and are widely-usedfor robot soccerpurposes[8]. They provide threedegreesof freedom
(DOF)perleg.Themovementsarecontrolledbya27-parameterwalkingengine[9]. An overview
over the walking engineparametersis given in Table1. Obviously, an 27-dimensionalvector
canbeinterpretedby thewalkingengineasacontrolprogramfor therobot.�
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Table1.Parameter setfor the “In verseKinematic Walking Engine” [9]

Number Cumulated Parameter Type Description
1 1 footmode binary circularor tetragonalpathof foot movement
3 4 foreHeight,foreWidth, foreCenter float foreleg positionwhenstanding
3 7 hindHeight,hindWidth, hindCenter float hind leg positionwhenstanding
2 9 foreFootTilt, hindFootTilt float tilt anglesof foot movementpathsto y-axis
2 11 foreFootLift, hindFootLift float maximaldistancebetweenfoot andground

legSpeedFactorX
3 14 legSpeedFactorY float ratio of stepsizesof fore legsandhind legs

legSpeedFactorR
2 16 maxStepSizeX,maxStepSizeY float steplength

maxSpeedXChange
3 19 maxSpeedYChange float frequency of motionrequestupdates

maxRotationChange
1 20 counterRotation float angleto x-axisof superpositionedrotation
1 21 stepLen int quantizationstepsizeof themovement
1 22 groundPhase float ratioof foot lifting timeandstanding
1 23 liftPhase time to entiretime for a singlestep
4 27 headTilt, headPan,headRoll,mouth float headposition(constant)for thewalk

2.1 The Signal SpaceConcept

For ourevolutionaryapproach,weuseindividualsthatconsistof
� ���
	

variables.Therefore,
theindividualsarecharacterizedby

�
-dimensionalvectors�
� ����� ��� � ��������� ����� . Thatvectors

canbeinterpretedgeometricallyascoordinatesof pointsin an
�

-dimensionalspace.Sinceeach
vectorrepresentsa walking pattern,every �
� implicatesa walking speed.Dependingon this
specificspeed,fastandslow individualscanbeseparatedinto differentclasses������� and � �! #" ,
wherebysuperiorindividuals(e.g.fasterones)arein � �$�%� . Inferior individualsareclassifiedto
bememberof � �! �" . All �&�(')� �! �" arediscriminatedagainstsuperiorindividuals.
A singleindividual canbe interpretedasa point in an

�
-dimensionalspace,thussimilar in-

dividualsform clustersin that signalspace.Therefore,the classificationcanbe doneby par-
titioning the signalspace.If a subspace*,+ containsall �
�-'.� �! �" , thenthe remainingspace
containsall �&�/'0�����%� . Geometricallyspoken,thespacebecomesdividedinto regionssuchthat
all superiorindividuals(e.g.fastgait patterns)arelocatedin differentregionsthantheinferior
individuals.
If clusterscanbeapproximatedby a centerpoint andsuperpositionedadditivewhite Gaussian
distributed noise(AWGN), then the boundariesare given implicitly sincethe subspacesare
given by Voronoi Regions [10]. For example,in the two-dimensionalcasethe clustersmust
form circularshapes.For

� ��1
, theclustersmustbeapproximatableby spheres.

In all othercases,the boundarieshave morecomplex shapeswhich canbe approximatedby
setsof severalhyperplanes.Sucha situationis illustratedin Figure1 exemplarily: thesuperior
individuals(black)andinferior individual aredividedby hyperplanes(bold lines).Theregion
which indicates,thatindividualsaresuperior( �&�/'0�����%� ) is shadedgray.

2.2 Implementing the SignalSpaceDetectorasArtificial Neural Network

Thevector 23� canbeuniquelyclassifiedby associatingto it a subspace*,+ asshown in section
2.1. This canbe doneby calculatingthe distancesto all boundinghyperplanesof the regions
thatcharacterize������� and � �! �" respectively. Sincethedistancebetweenpoint andhyperplane
is givenby thedot-productof theplane’snormalvectorc andthepoint itself, suchanimplemen-
tation is of low complexity. In recentpublications,that efficient implementationis known as

c Thenormalvectormustbenormalizedto 1.0
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Fig.1.A setof individuals in a two-dimensionalspace.The subspaceof superior individu-
als is shadedgray (left). Estimating the reliability information referring to hyperplane 4
using the notation asgiven in section2.

SignalSpaceDetector(SSD)[11,12]. A hyperplanein theSSDcanbeestimatedby a conven-
tionalperceptron[6, 13].Suchaperceptronmultipliesits weightvector 5 ���$6 �7� 6 ��������� 68���:9
with theinput vectorandaddsa bias

68�<; � . If �&� is usedasinput vector, then 5 canbeinter-
pretedasthenormalvectorof aboundinghyperplane4 .

4>= ?@@A
6 �6 �B#B#B68�

C�DDE B �
�GF 68�<; � �IH (1)

After computingthedot-productof bothvectors,aperceptronweightstheresultby anactivation
function J . Thus,theperceptronsoutputK is givenby Equation(2).

K � J � ?@@A
6 �6 �B#B#B68�<; �

C DDE B � �&� ��L � 9 � (2)

For simplifiedlearningrules,typically a sigmoidactivationfunctionasillustratedin Eq. (3) is
used[14]. If necessary, thedistancebetween�&� and 4 representedby the perceptroncanbe
computedby normalizingtheweightvectorto M 5NM � L andapplyingthe inversefunction JPO �
afterEq.(4).

JQ=
RTS LL FVU�W:XZY O\[^] (3)J O � =
RTS`_(a Lb B#c$dfe LR a L�g (4)

Obviously, it is not difficult to classifyindividualsusinga signalspaceapproach.Thedecision
planescanbefoundeasilyby usinga multi-layerperceptronapproachanda back-propagation
learningalgorithm.Unfortunately, thatapproachsuffersfrom low classificationaccuracy of the
artificial neuralnetwork. We observedthatmorethan20 percentof tournamentsareclassified
incorrectly(seeFig. 2).



2.3 Impr oving ClassificationAccuracy by Confidence-Estimation

As illustratedin Figure1, someindividuals(like � � and � � ) arelocatedcloselyto a decisive
plane.Other individuals(like �
h ) are locatednearthe centerof a clusterof individualsand
have a long distanceto theboundinghyperplanes.Smallchangesof thenormalvectorsof the
decisionplanesaffect especiallytheclassificationof thoseindividualswhich arelocatednear
thehyperplanes.Actually, thenormalvectorvariesin asmallrangeaftereachstepin thetraining
phase.Therefore,it canbejustifiedto assigna high reliability to theclassificationof �)h anda
low classificationaccuracy to � � and � � .
In [15], the proof of this approachis given in detail.Furthermore,a formula to calculatethe
confidenceof a decisionusinga specialsignalspacedetector(Sh D) canbefoundin this paper.
For this purpose,a socalled“admissiblesignalpoint” ij+ for eachsubspace*,+ mustbefound.
Afterwards,all individualsin thesamesubspacecanbemodeledby addingcolorednoisek with
avariancel �m to i�+ asillustratedby Equation(5) andtheright partof Figure1.

�&� � in+oFpkrqts with
� �
� � in+ � 't*,+ (5)

Then,the reliability u of the decisionis given by the normalizeddot-productof �&� andthe
hyperplanesnormalvector 5 after Eq. (6). Note, that v indicatesthe distancefrom ij+ to the
decisivehyperplane4 .

u � vM 5NM B l �m B � 5 B �
� �w� vM 5NM B l �m B J O � � K � (6)

Thus,theknowledgeof i�+ is essentialto calculatetheconfidenceof theclassification.If thereis
asimulationmodelof therobot,suchadmissiblesignalpointscanbeextractedoutof thatmodel.
Else,thepositionof theadmissiblepointmustbeestimated.Forourstudiesweusethefollowing
basicapproach:After training the artificial neuralnetwork, we computethe focal point of all
pointsin thesamesubspaces*,+ . Fromthis focalpoint in+ , wecalculatethedistanceto all other
observed points in the samesubspacein order to estimatethe variancel �m . Furthermore,we
calculatethedistancev from ij+ to eachadjacenthyperplane4 . Thiscanbedoneefficiently in
thefirst layerof amulti-layerperceptron(MLP) network. An exampleis illustratedin Figure1.
As presentedin [15], somehyperplanesdo not contribute to the decision.In Figure 1, this
situationcan be observed for �&x : The dottedhyperplaneis close to the point. This would
implicate a low reliability. On the other hand, �
x hasa long distanceto the white shaded
areawhich indicatesa high confidence.Therefore,we mustestablisha filtering techniqueto
discriminatebetweendecisive andnon-decisive hyperplanes.In theSh D-architecture,decisive
hyperplanesare found out by inverting the result of eachplaneand propagateit througha
booleanalgebra.Here,wehaveno booleanlogic. Soweuseanothertwo layersin theMLP.
There,we invert theresultof thepreviousperceptronsweight-functionandpropagateit through
theneuralnetwork. If thefinal resultchanges,thehyperplaneis claimedto bedecisive.Decisive
hyperplanescontributeto theoverallconfidencecalculation.As therecanbeacoupleof decisive
hyperplanes,we have to combineall their reliabilitiesto anoverall confidence.This is doneby
themin-rule:Wedeterminetheconfidencefor eachdecisiveperceptron.Theoverallconfidence
is givenby theminimumof all calculatedreliabilities.



3 RESULTS

The suggestedtechniquetakes to two major advantages.First, it reducesthe robot wearout
duringtrainingphase.Second,thelearningprocesscanbeacceleratedsignificantly, sincereal-
world tournamentscanbeskipped.Thus,thepopulationsizecanbe increased,while wearout
anddurationof theevolutiondecreasesimultaneously. This intendsto furtherenhancethequal-
ity of walkingpatterns.
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Fig.2.Reliability thresholdvs.classificationcorrectnessand real-world tournaments(left).
Number of misclassificationsvs. real-world tournaments (right). Results achieved by
evolving gait patterns using “In verseKinematic Walking Engine [9]”

3.1 ReplacingReal-World Tournamentsby Artificial Neural Networks

By increasingthereliability threshold,which indicatesif anindividualsfitnessis estimatedcor-
rectly by theMLP-approach,theratioof misclassificationscanbereducedsignificantly. Figure
2 shows how many tournamentsmustbe performedon the robots(y-axis). This is indicated
by the numberclassificationswhich show a reliability lessthanthe given threshold(x-axis).
Additionally, the numberof incorrectclassificationsis represented,too. For example,with a
reliability thresholdof z|{>}G~Z� about }G��~���� of the tournamentscanbe saved.Furthermore,
only �G~��\� of theclassificationsareincorrect.
Without thatoffline-fitnessestimation,weevolvedawalk, which is 28%fasterthanareference
(hand-optimized)gait patternby performing285tournamentson theERS2100robot.
With thesuggestedmethodology, weapproximatedtheresultsof thefootracesby theenhanced
artificial neuralnetwork. 10% of the unreliabledecisionshave beenselectedrandomlyto be
performedon therobots.Thereby, weevolvedagaitpatternwhich is about20%fasterthanthe
referencewalk. The wearoutwasreducedsignificantly, sinceonly 34 tournamentshadto be
evaluated.

4 CONCLUSION

We observedthat thequality of theevolvedgaitsdependson internalnetwork parametersand
the meta-modelcomplexity. That correlationis addressedin the paperfor SONY ERS2100
robotsandfurther investigationswill show how that approachperformsunderdifferenthard-
wareconditions.



Wehaveto analyzeif andhow thesuggestedmeta-modelcansubstitutereal-world tournaments
completely. This aim seemsrealistic,sinceup to 99.9%of the tournamentresultscanbepre-
dictedcorrectly. To achieve this, the populationsize is reducedsignificantlyasall unreliable
classificationsarenotusedfor theevolutionaryalgorithm.Thus,wehave to investigatein gen-
eral if discriminatinglow reliablepatternsagainstunreliabledecisionspreventsfrom finding
optimalgaits.To dothis,wehaveto examinehow neuralnetworksandsignalspaceparameters
canautomaticallybeadjustedto theactualrobotcontrolprogram.
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